Abstract-Wearable sensing systems (WSS's) are emerging as an important class of distributed embedded systems in application domains ranging from medical to military. Such systems can be expensive and power hungry due to their multisensor implementations that require constant use, yet by nature they demand low-cost and low-power implementations. Semantic multimodal compression (SMC) mitigates these metrics in terms of data size by leveraging the natural tendency of signals in many types of embedded sensing systems to be composed of phases. In our driving example of a medical shoe with an insole lined with pressure sensors, we find that the natural airborne, landing, and take-off segments have sharply different and repetitive properties. SMC models and compresses each segment independently, selecting the best compression scheme for each segment and thus reducing total transmission energy.
I. INTRODUCTION
Wireless embedded networked sensing has been a realm of great technical interest over the past decade. Sensor networks have enabled real-world, practical applications of remote environmental monitoring and control in the home or in the field for personal, business, and military use. More recently, the research effort has shifted to wearable sensing systems (WSS's), where the sensing "environment" in question is no longer remote but is instead very personal: the human body. WSS's borrow the same core concepts from traditional wireless sensor networks, but they introduce a whole new set of concerns and challenges which demand innovation, including comfort, mobility, safety, and privacy.
Next-generation WSS's can range from full-body military "smart suits" for infantrymen to small disposable patches that monitor physiological parameters while a patient sleeps to detect sleeping disorders. In fact, a majority of the recent research in WSS's has been for medical devices, resulting in the creation of the new booming field of wireless health. Much of the effort in the wireless health domain has been geared toward aiding medical professionals in detecting and diagnosing ailments in patients by removing the patient from a static monitoring environment (e.g. the hospital) and injecting constant non-invasive monitoring into the patient's daily life. This can result in more reliable, comprehensive, and long-term data which is more likely to be indicative of a patient's true habits, since the patient is not necessarily always aware of the direct monitoring.
Although wireless health and WSS's in general have been the recent "hot spot" for technical innovation, industrial realization of the field has nevertheless been slow in comparison. This is largely due to the complexity in designing a truly deployable WSS, which must meet the aforementioned challenges and constraints while keeping reliability high and cost, energy, and operational complexity low. In this paper, we address the energy problem in the data transmission stage by leveraging unique properties of WSS's to compress signals in a novel way. We use as our driving example the Hermes platform, which is a medical shoe with an insole lined with pressure sensors [1] .
An analysis of the data from users of the shoe reveals a crucial observation that can generally apply to many embedded sensing systems and in particular to WSS's: these systems produce signals that are subject to natural phases. For example, a heart rate sensor on someone who is exercising exhibits warm-up, workout, and cool-down phases. In the Hermes platform, pressure sensors in the shoe follow natural human motion, in airborne, landing, and take-off phases.
The key contribution of this paper is to demonstrate that we can take advantage of the existence of these phases to design more energy efficient WSS's, by segmenting a signal into its corresponding phases and processing each segment independently. Essentially, by segmenting the signal we can reduce its entropy, since the entropy within one segment is likely to be significantly smaller than that of all the segments together. This observation is key; information entropy is a commonly used metric for estimating the upper bound for compressibility of data, and is defined in Section IV. Generally, lower entropy in the data allows for a higher compression ratio.
In this paper, we develop the notion of semantic multimodal compression (SMC), where we segment the signal into its natural phases and then compress each segment independently. In Section III-A, we highlight the relevant details of the Hermes platform, our driving example, then describe its phases in Section III-B. In Section III-C, we discuss some important real-time system parameters and define our assumptions and system constraints. We then develop our compression algorithm in Section IV and demonstrate experimental results in Section V. Finally, we propose some ideas to relax our assumptions in Section VI and conclude in Section VII.
II. RELATED WORK
Numerous scientific and engineering topics have been explored within the framework of embedded sensor networking and computational sensing [2] [15] . There has also been prior research driven toward gait analysis via WSS's (e.g. sensor-equipped shoes) [16] [17] [18] . Surprisingly, although there has been much research in energy reduction in WSS's, even for medical shoe implementations, there has been little effort to leverage the unique properties of signal behavior in WSS's to enhance the compression ratio in particular.
Compression is one of the most popular information theory topics. While initially it was mainly used to reduce storage requirements, recent emphasis has been on bandwidth and energy savings. There are many general and special purpose (e.g. text, video, and image) textbooks and surveys [19] [32] . To the best of our knowledge, this is the first effort to use semantic signal segmentation to improve compression rate and reduce energy requirements.
III. PRELIMINARIES

A. The Hermes Platform
Hermes is a lightweight smart shoe designed to assess mobile balance and instability in human patients [14] . It consists of low-cost off-the-shelf sensors integrated with a common embedded computing platform, and can interface with a smartphone with bluetooth and GPRS capabilities for data processing, storage, and transmission. Specifically, the shoe has an insole lined with either passive resistive sensors from Tekscan [33] or piezoresistive fabric from Eeonyx [34] , along with gyroscopes and accelerometers, communicating with a MicroLEAP mote [35] that samples data at 60 Hz. The MicroLEAP processor consumes 2.7 mW of power while the radio, with a data rate of 250 kbps, consumes 57.5 mW. For sensor placement, we use the Pedar plantar pressure mapping system [36] , which uses a grid of 99 pressure sensors distributed across the foot. Figure 1 depicts the Hermes shoe, its insole, and the Pedar sensor map.
This comprises a very powerful system for human gait, balance, and stability analysis, which can be used for a number of crucial applications ranging from fall prevention to shoe insole design for flat-footed patients. However, high data sampling and transmission rates mean that this system will have a short lifetime and high cost of operation, and thus becomes another example of technological innovation being slow to achieve industrial realization. Therefore, our goal in this paper is to take the next step in this system, to significantly reduce its energy consumption rate in the data storage and transmission stage of operation. To facilitate this, we collected extensive data from 8 people performing repeated sets of various tasks, such as running, walking, and limping. 
B. Signal Phases and Predictability
An example signal from one sensor on one Hermes shoe is shown in Figure 2 , with applied pressure on the y-axis and time on the x-axis. Here, the subject is walking normally. We can clearly see that each "blip" in the signal corresponds to a single step, which is comprised of the following phases:
(i) Airborne (blue). In the airborne phase, the foot is applying essentially zero pressure onto the sensor; this corresponds to the period of time when the foot is completely off the ground. (ii) Landing (red). This is the time between when the heel first touches the ground to when the toe touches the ground. We see this as a near-quadratic incline (with decreasing slope) in pressure applied to the sensor. (iii) Take-off (green). The take-off phase corresponds to the foot leaving the ground, from when the heel begins to rise to when the toe is completely off the ground. The signal in this phase is an essentially linear decline in reported pressure. We can also see from Figure 2 that the sensor signals are highly predictable. Phase and amplitude on the same sensor are relatively constant between consecutive steps. Furthermore, there is high correlation between some sets of sensors. The two sensors shown in Figure 3 are sensors 9 (blue) and 86 (red) in the sensor map in Figure 1 . Since both sensors are located on the same longitudinal axis in the middle of the foot, one the heel and one in front of it on the toe, pressure is applied to one with a relatively constant time offset from the other.
Both the predictability of the sensor signals and the distinctness of their phases are attributed to the cyclic, rhythmic nature of human behavior. Thus, these phenomena are found across different types of WSS's, and are one example of why WSS's can be an area of tremendous innovation. In the following sections, we use the signal segmentation and predictability described here to develop SMC and reduce transmission energy.
C. Assumptions and Constraints
For our implementation of SMC, we make a number of preliminary assumptions and set some usage constraints. First, we observe that the MicroLEAP's radio consumes energy at a much higher rate (over 20x) than its processor; hence, we limit our algorithm and evaluation to transmission energy reduction under the assumption that the benefit here will far outweigh the small energy cost in processing and storage for our compression algorithm.
Furthermore, for this discussion, we assume that the realtime latency and storage constraints are such that we can store, process, and transmit entire steps (all 3 phases) at a time. This is a reasonable assumption in practice because much of the useful gait characteristic information is contained in the entire step, and steps are quick enough that storage is not a problem. Nonetheless, in Section VI we propose at a higher level some modifications to our SMC algorithm that will relax these assumptions and be effective under stricter constraints.
IV. SEMANTIC MULTIMODAL COMPRESSION (SMC)
In our driving example of the medical shoe, we have three segments-airborne, landing, and take-off-as described in Section III-B. A typical step of a signal obtained from a single sensor is depicted in red in Figure 4 , and calculated values for its entropy are in the first column of Table I . In this case, information entropy is defined as:
for a string S with n symbols, each occurring with probability p i [37] . In general, compressibility of a signal is inversely proportional to its entropy; a signal with high entropy has less data redundancy and is therefore more difficult to compress. As expected, entropy for each segment is indeed lower than the entropy of the full signal. Note that the airborne segment has 0 entropy, which suggests the possibility for high compressibility via segmentation. Furthermore, we can leverage the predictability of the data to reduce entropy of the landing and take-off segments even more without losing data. We describe this process in Subsection IV-A. Then, in Section V, we present typical results for our compression method on data from the medical shoe, showing decreased transmission energy when compared to a common basic compression scheme. Fig. 3 . Example signal from two sensors over 3 steps, with one sensor on the heel (blue) and one on the toe (red). The heel sensor touches down first, then the toe sensor, with a relatively constant phase shift.
A. Entropy Reduction via Signal Approximation
From Figure 2 we can see that a signal will maintain its rough shape, phase, and amplitude over a series of steps. Therefore, if we have some knowledge about the expected behavior of the signal, we can potentially reduce its entropy by an order of magnitude in the common case. Figure 4 demonstrates this; the red curve is the original signal, the blue curve is a simple piecewise linear model, and the green curve is the difference between them. The second column of Table  I enumerates the new entropy values for the approximated (green) signal, which are significantly lower than those of the original.
To obtain the piecewise linear model, we only need the following 4 values: (1) the number of airborne samples; (2) the number of landing samples; (3) the number of take-off samples; and (4) the value of the sample with peak amplitude. With these 4 metrics, the original signal can be reconstructed without loss from the compensated signal. We show that it is beneficial for transmission energy consumption to encode and compress these 4 metrics and the compensated signal, as opposed to just the original signal, due to the large extent that entropy is thus reduced.
There is, however, further room for improvement. The 4 metrics described above are themselves predictable; over time, we can develop and store an expected value for each of the 4 metrics. Then, again, instead of encoding the values of the metrics themselves, we can encode the difference between each value and the expected value of the metric. Doing so will drive the encoded values closer to 0 and is more likely to create repetition and reduce entropy.
Storing a separate set of expected values for the 4 metrics for each individual will reduce the entropy of the signal and thus improve the quality of compression and decrease transmission energy more than storing a general set of expected values. This is intuitive, since averaging over the entire population will introduce noise into the expected metrics for a single individual. For example, we are likely to expect significantly different metrics from someone with flat feet compared to someone without flat feet, and in turn compared to someone with a limp.
Doing so, however, will require more storage and will likely be intractable for systems that support multiple individuals; on the other hand, it is not unreasonable to assume that wearable sensor systems such as the medical shoe will be custom tailored for one individual. In our experiments, the benefit gained from storing individual metrics were negligible when compared to total transmission energy, so we limit further discussion to global metrics for this example.
Regardless, now that we have reduced entropy as much as we can without losing data or requiring extensive computation, we are ready to compress the new data, which consists of the following: a series of 4 values, as described above, and the approximated landing and take-off segments of the signal. To preserve our ability to decompress, we assume that the decoding party also has the established expected values for the 4 metrics. For compression, we can use any effective compression algorithm; for the medical shoe data, we use arithmetic coding (AC) [38] .
V. TRANSMISSION ENERGY SAVINGS FROM SMC
To demonstrate the effectiveness of our entropy reduction techniques, we compare results from data compressed using SMC to the same data compressed using just AC. The effectiveness of compression will depend on the size of the chunk of data being compressed via AC. Typically, increasing the chunk size will to an extent increase redundancy, thereby reducing entropy and increasing the quality of compression. Figure 5 depicts these results for a typical signal with 6000 samples. The red and blue curves show the transmission energy savings from base-case AC compression and SMC, respectively, for various chunk sizes. Note that the basecase compression is already quite effective, since the natural redundancy and predictability (and thus low entropy) of the signal make it ideal for compression. Base-case AC compression shows up to a 63.2% savings in transmission energy if all 6000 segments are compressed at once, decreasing to 0 as the chunk size decreases. Nonetheless, using SMC, we reduce transmission energy by up to 9% over the base-case compression at its best, and 72.2% in total.
It is interesting to note that even when AC is ineffective at smaller chunk sizes, SMC provides great reduction in transmission energy. Without using AC at all, SMC still reduces transmission energy by 61.4%, which is almost as good as the base-case AC compression scheme under optimal conditions (maximum chunk size). This is due to the fact that for a given AC chunk size, SMC actually encodes more samples than the base-case compression, since it pre-compresses the data to reduce entropy for AC on-the-fly. The blue vertical line represents the chunk size (2319, 61.4% less than 6000) at which SMC has already encoded the entire 6000-sample signal. Therefore, to reduce computation costs, SMC can be applied with chunk size 0 (no AC) and still save transmission energy significantly.
VI. FUTURE WORK
In presenting our algorithm, we have made a series of assumptions, outlined in Section III-C, that are reasonable in practice for this particular system, but may not scale to the general case. These assumptions exist in our implementation of SMC because we must have the entire step in order to create the piecewise linear model. In other words, we must have the values of all 4 metrics before we begin compression. However, this may be relaxed by using a best-estimate value for metrics which we could not obtain within the allotted time. We can do this based on the recent history of the signal; if the patient is walking at a brisk, steady pace, for example, we can estimate that the metrics will be constant for the next step and use the previous ones to create our piecewise linear model. With this method, we will likely sacrifice some compression ratio to meet the real-time constraints.
Alternatively, we could use real-time data from some sensors to estimate the metrics of another. We describe an example in Section III-B where applied pressure triggers one sensor at a constant time offset before another over a series of steps. Therefore, we can base our model off of the predictor sensor, with a phase shift, to create our approximation signal. Here, we meet the real-time constraints, and may even improve the compression ratio, depending on how strongly the two sensors are correlated. For example, if one sensor predicts another perfectly and reliably, the approximation signal for the predicted signal will essentially be very close to 0, with ultra-low entropy and thus high compressibility.
VII. CONCLUSION
We have presented a method for semantic multimodal compression that leverages the notion that signals in many embedded and wireless sensor networks have natural phases and predictable characteristics. We have applied SMC to the domain of wearable sensing systems, where the phases and predictability are derived from natural human behavior. In this paper, we have implemented this algorithm for the specific case of the Hermes medical shoe, which has an insole lined with pressure sensors that can be used to essentially map how a patient applies pressure to the ground during daily activities such as walking and running. We have also described how the SMC paradigm can be extended to other WSS's with different constraints or to sensor networks in general which display these characteristics. Our main focus has been to improve the compression ratio and thus reduce transmission energy, and have shown that SMC in our case study provides a 72.2% reduction in total transmission energy, up to 9% over the basecase compression benchmark at its best.
